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The method of real-time estimation of weather, especially the amount of rainfall, by analyzing 
CCTV images is much cheaper than one using the existing expensive weather observation 
equipment. In this paper, we propose a method to find an estimation model function which has 
its input as CCTV images and output as the amount of rainfall. From the CCTV images, we 
propose an algorithm for selecting the number and size of the region of interest optimized for 
rainfall estimation, generating a data pattern graph showing a clear distinction from the number 
of region of interest, clustering the pattern data graphs, and estimating the amount of rainfall. 
Experiments using real CCTV images show that the estimation accuracy is over 80%. 
  
1. Introduction 
Road hazard weather information such as rainfall, fog visibility, wind speed, snow fall and 
road icing is very important in achieving sustainability not only for safe driving on road but 
also for road safety management. To achieve sustainable safe driving on a road, road hazard 
information as well as traffic information [1, 2, 3, 4] should be provided for vehicle drivers 
by road section. Road Weather Information System (RWIS), which is installed by road section 
for collecting road weather information, would be considered to be a weather observation 
IoT equipment including rainfall, wind direction, wind speed, snow cover sensors.  
  It is, however, too much expensive to install a large number of IoT-based RWISs at regular 
intervals on road to produce road hazard weather information. Instead, it is much less costly 
to produce road weather information by analyzing on-line CCTV images installed at regular 
intervals on existing highways. The purpose of this study is to investigate whether it is 
possible to produce weather information by using CCTV image which does not require 
additional installation cost to produce road weather information. 
  It is the motivation of this paper to investigate whether it is possible to attempt to 
produce on-line road hazard weather information of the road section by using big data 
analytics with historical CCTV images of which volume would be huge. The increasing 
velocity of CCTV video data is considerably greater than the rate of increase in text data. 
To support veracity that determines the accuracy and validity of the CCTV video data 
analysis, we need to develop a new estimation learning model that uses historical CCTV 
video data with RWIS's road weather information. Research on the analysis of CCTV video 
data has mainly been focused on object identification and multiple object motion pattern 
[5, 6, 7, 8]. As we know, no research has been done to find minute weather changes using 
CCTV video data.  
  We develop an estimation learning model by analyzing big data composed of CCTV video 
image and RWIS observation data. We consider the weather information estimation model 
as a function y ൌ Fሺݔሻ and consider past CCTV image data as input x and past weather 
observation data as output y. In order to create a model function F, finding the data pattern 
that can represent fine weather changes from the CCTV image is the key to solving the 
problem. It is a good measure to make a good estimation learning model by selecting 
patterns that can find weather change well from CCTV image data to be used as learning 
data. 
  The forest background area of CCTV image has been examined whether it best represent 
the weather change such as the precipitation change. The several background areas in CCTV 
images are forests, roads, and skies. Next, we look for regions of interest [13, 14] that are 
well represented in meteorological changes within a specific background area of CCTV 
image. The optimal size of the region of interest and the optimal number of regions of 
interest are examined by experiments on CCTV image data. In this paper, we have found 
that selecting multiple regions of interest, including not only the near region but also the 
far region of interest, is the best representation of the minute changes in the image to 
detect minute changes in the weather. The selection of the best background area and the 
selection of the region of interest within CCTV image is a main factor that enables clear 
weather estimation in the CCTV image that best represents minute weather changes. 
  If the multiple regions of interest are selected for a given CCTV image, the difference 
pattern of image conversion values between regions of interest is generated. For example, 
if there are four regions of interest, we create 3x2x1 = 6 patterns because we make a 
difference pattern between all different regions of interest. In the past CCTV images, 
clustering of image conversion patterns is hierarchically clustering. The original idea of this 
paper is to express the change of image value according to the change of rainfall with the 
image transformation pattern cluster. That is, the pattern cluster of CCTV image of rainfall 
5mm are different when the rainfall is 10 mm. The more variations CCTV images for various 
rainfall, the higher the accuracy of big data analysis. Therefore, veracity depends on the 
volume of big data, which has a huge amount of past CCTV video data in which rainfall 
occurs. 
  By analyzing big data of CCTV video images in the past precipitation, hierarchical 
clustering structure that can provide high veracity is created. Next, when the CCTV image 
for the current time of rainfall is input, a data pattern for the image conversion value is 
generated. The newly generated data pattern graphs are searched for the hierarchical 
clusters generated for existing CCTV images by comparing the similarity of generated 
clusters. The similarity comparison of the data pattern graphs is calculated by the similarity 
comparison function for the sub-cluster of the hierarchical cluster. The rainfall value is 
obtained as the label recorded in the sub-cluster with the highest similarity. 
 
The main contributions of this paper can be summarized as follows.  
 First, we proposed the best selection of a background area within CCTV video, the 
multiple regions of interest, the optimal size of the ROI, and the optimal number of 
ROIs that can best represent minute weather changes using the actual CCTV image 
data. 
 Second, we proposed an algorithm that automatically selects the ROI that best 
represents the fine weather changes. 
 Third, we proposed a method to generate the difference of image conversion value 
between multiple ROIs which best represents the change of the images that best 
represents fine weather change. 
 Finally, we propose a method to generate the data pattern graphs that best represent 
the difference of image conversion values between multiple ROIs, to construct a 
hierarchically clustered structures for providing an estimation learning model, and to 
estimate road weather information with similarity difference function. 
 
2. Road Weather Observation Information and Problem Definition  
This section describes the IoT sensing environment for collecting input / output data of the 
estimation learning model of road weather pattern. The CCTV images on the road side are 
used as the x values of the model, and the weather observations collected using the IoT 
based sensor are used as the y values. 
 
2.1 Road Weather Observation Information 
Temperature, humidity, wind, visibility, rainfall, and snowfall are used as IoT observation 
sensors[9, 10, 11, 12]. A Road weather observation equipment to install these weather 
observation sensors on a specific pole is called stationary RWIS. Mobile RWIS is to install 
meteorological equipment on a moving vehicle to collect meteorological information for 
verification of CCTV images far from the stationary RWIS. 
  The road weather observation data from stationary RWIS and mobile RWIS are 
transmitted to the server at intervals of 60 seconds using LTE wireless communication 
network. Stationary RWIS and mobile RWIS consist of sensor device, data logger, calculation 
module, and transmission module. The sensor device is a device capable of collecting road 
weather data such as precipitation, temperature, humidity, snowfall and so on. The data 
logger accumulates and stores observation data for a certain period of time. The 
computation module performs an aggregation query to verify the data quality, such as the 
sum, maximum, and minimum values of the sensor values. Finally, the transmission module 
transmits the observation data to the server. 
  In the data processing server, the road weather observation data received from RWIS is 
mapped to specific time zone and road segment. All of the road weather observation data 
is stored for each road section in the form of a table. The road weather information 
produced by mobile RWIS, which varies according to vehicle movement, produces sparse 
road weather information in time and space. Since the stationary RWIS is fixed in position, 
regular road weather information is produced in time, but there is no weather information 
value in other road sections. 
  In Fig. 1, the CCTV location is installed and operated at regular intervals, but it may be 
different from the link position according to the node-link structure which is the standard 
of road traffic information. Sampling of CCTV video images is required for extracting video 
every 15 minutes because the size of the entire video is too large to store in the server. 
The extracted CCTV video is transmitted to the road management server through the private 
network. We employed the sampled CCTV video for 60 seconds video frame every 15 
minutes. 
 
Figure 1 Iot observation configuration diagram for real-time collection of road weather 
information 
 
2.2 Data Specification  
The road construction management company stores and manages the CCTV images 
information on the server device for at least one month in case of an accident on the 
highway. CCTV video is a set of consecutive frames. The CCTV videos are set of frames, it 
is expressed as {݂ݎܽ݉݁௜, ݂ݎܽ݉݁௜ାଵ, ݂ݎܽ݉݁௜ାଶ, … , ݂ݎܽ݉݁௝} (where i is the start time of the 
video, and j is the end time of the video) as shown Fig. 2-(a). Assume that there is a 
CCTV recording 24 frames per second. If you record CCTV video for 15 minutes, 21,600 
frames will be stored in 15 (minutes) x 60 (seconds) x 24 (frames). 
 
           (a)the frame of video       (b)the pixels of a frame    (c) Image converting RGB to HSV 
Figure 2. CCTV Video information 
 
Each frame consists of a set of pixels ݌௜௝, and the specific frame ݂ݎܽ݉݁௞ represented by 
ሼ݌଴଴, ݌଴ଵ, ݌଴ଶ,… , ݌௡௠ሽ,ݓ݄݁ݎ݁	 ݊	 ݅ݏ	 ݏ݅ݖ݁	 ݋݂	 ݓ݅݀ݐ݄,݉	 ݅ݏ	 ݏ݅ݖ݁	 ݋݂	 ݄݄݁݅݃ݐ. The n and m of the 
frame are determined by the CCTV device resolution. Assuming that the CCTV resolution 
is 1280 x 720, the number of pixels is 921,600. Fig. 2-(b) shows the rule that the pixel is 
located on the frame. Suppose that ݌௜௝ expresses (0, 0) pixel. (0, 1) pixel that move one 
space to the right can be expressed as ݌௜௝ାଵ.  
  In general, each pixel of an image frame basically has a color value represented by red 
(R), green (G), and blue (B) color spaces. In addition to RGB, there are various color 
spaces. In this paper, we have used a HSV color space. The color space conversion library 
was provided by OpenCV [15]. The corresponding library converts RGB values of each 
pixel into the HSV color space by inputting them as function parameters. Fig. 2-(c) shows 
the conversion from the RGB color space to the HSV color space. 
 
 
Figure 3. An example of data structure for road weather information 
 
The road weather information represents weather information for each road section. 
Typically, the meteorological equipment produces point-by-point meteorological 
information, and the area within a certain radius is assumed to be the same meteorological 
information. This paper assumes that roads consist of nodes and links in order to produce 
weather information for each road section. As shown in Fig. 3, the road weather information 
consists of three fields: space, time, and weather. In the field representing the space, you 
can see that a specific road such as ݈݅݊݇ଵ is expressed instead of the administrative area. 
݈݅݊݇ଵ is { ଵܰ, ଶܰ, ଷܰ, … , ௡ܰ}, and each element ௡ܰ consists of latitude and longitude two-
dimensional values. In the field representing time, ݐଵ, ݐଶ	 ܽ݊݀	 ݐଷ are used to represent a 
specific time. In Fig. 3, let's take an example of the first line ሺ݈݅݊݇ଵ, ݐଵ, ݎܽ݅݊ െ 1.0	 ݉݉ሻ. This 
example means "there was a cumulative precipitation of 1.0 mm for ݐଵ at time ݐଵି௠ on a 
particular ݈݅݊݇ଵ", where m is the time interval of the observations set in the road weather 
instrument. 
 
2.3 Problem Definition 
In this paper, we develop a non-deterministic model, y = f (x), that generates road 
weather information with y values using CCTV image information as inputs. There are two 
approaches to solve this problem. First, it is a method to determine the rainfall amount 
based on the threshold value of the conversion value for the CCTV image. However, this 
method is not suitable because it shows the same rainfall even though it is different 
image as shown in Fig. 4 shows an example of CCTV images appearing differently 
despite the same rainfall of 5 mm for the same location. In Figure 4, Fig. 4- (a) and Fig. 
4- (b) show the same precipitation, but Fig. 4- (a) shows a slightly lighter color tone than 
Fig. 4- (b). 
  CCTV images may not be the same when the same amount of rainfall occurs at the 
same time in different places. Therefore, it is impossible to determine the amount of 
rainfall by CCTV image value because there are many cases. Instead, we propose a 
method of extracting data patterns of past CCTV images for the same amount of rainfall 
and storing them as learning data. In summary, it is the key idea of this paper to find a 
non-deterministic model y = f (x) as a weather estimation function when we consider the 
data patterns extracted from past CCTV images as x values and the rainfall as y values. 
 
Figure 4. Example of images for the same region, same precipitation  
We present three methods to extract the most effective data patterns from the past 
CCTV images that can represent fine weather changes such as rainfall changes. First, it is 
necessary to select the most effective background area within CCTV images that can best 
represent minute weather changes from CCTV images. Most CCTV images have usually 
three potential target areas: forest, road, and sky. The problem of selecting the most 
effective background area in the CCTV image is discussed in Subsection 3.1. Second, the 
region of interest (ROI) should be selected to determine the intensity of the rainfall using 
the image feature in the selected background area. The reason for selecting the region of 
interest is that selecting a specific area that best represents the fine weather changes is 
more representative of weather changes than using the entire CCTV area. The problem of 
selecting the optimal size and optimal number of ROIs is discussed in Subsection 3.1. 
Third, a method of generating data patterns using multiple ROIs is described in Section 
4, which defines the difference of image conversion values between different ROIs as a 
pattern. Below table 1 summarizes the meaning of the symbols used in this section.  
 
Table 1. Symbol Description 
Symbol Description 
ݐ  A specific time 
ݐ௜௝ The time from ݐ௜ to ݐ௝, ሼݐ௡| ݅ ൑ ݊ ൑ ݆ሽ 
ݏ  A specific space 
c A weather condition 
ܿݒ௧೔ೕ௦  A CCTV video located at s from ݐ௜ to ݐ௝ 
݌௜௝ Pixel value of i-th column and the j-th row, ݌௜௝ ∈ P 
௖݌ሺ௧,௟ሻ௜  a set of pixels on region of i in the CCTV image of given time t and 
location l that satisfies 
݀݌ሺ௧,௟ሻ A data pattern extracted from image on link i at given time t  
ܵܨ௖ሺ݀݌ሺ௧,௟ሻሻ A function that returns the number of patterns similar to the pattern of 
݀݌ሺ௧,௟ሻ 
WIሺ݈݅݊݇௜, tሻ A function that returns the digitized road weather information on 
specific ݈݅݊݇௜ at given time t (ex, rain - 0.5mm) 
HRWI A set of historical road weather information 
ݎݓ݅ሺ௧,௟ሻ A road weather information on specific link l at given time t 
 
Problem of selecting target area. Given a time ݐ  and a specific link ݈ , the problem of 
choosing the background area of a given CCTV image which can best represent the fine 
weather change is explained. best background area in a specific image is selected by 
MAXሺ∆݀௜ሻ. The ∆݀௜ can be expressed as the following equation (1) by obtaining the total 
amount of change of the image conversion values of the corresponding background area 
i according to the change in the weather. ௖݌ሺ௧,௟ሻ௜  is a set of i-region pixels in a CCTV 
image that satisfies a given space-time t, l, and weather condition c. Fig. 5 shows forest 
and road area information and corresponding image feature values. In the example, the 
most suitable analysis area is the "Forest1" area with the highest change according to the 
weather. 
 ∆݀௜ = ܨ௩൫ ௖݌ሺ௧,௟ሻ௜ , ௖݌ሺ௧,௟ሻ௜ ൯, where i are forest, road, sky.                   (1) 
 
Figure 5 Comparison of image feature values for different background areas 
Problem of selecting best multiple ROI for determining degree of precipitation. The 
set of pixels with a given set of ROIs and precipitation intensity ௖݌ሺ௧,௟ሻ௜ , finds optimal 
multiple ROIs that distinguish the intensity of precipitation. The optimal multiple ROIs are 
determined by ∆ݒ݌ோைூ . The ∆ݒ݌ோைூ can be expressed by Equation (2) by obtaining the 
sum of the changes of ܴܱܫ  region according to the precipitation intensity. The ݎ݋݅௡ is 
an element of ܴܱܫ , it consists of two coordinates as upper left and right bottom. The 
set of pixels contained in ݎ݋݅௡ is referred to as ݌ݎ௡, and {p | p is located in rectangle of 
ݎ݋݅௡}. Experiments should be performed while changing the size and spacing of the ݎ݋݅௡ 
to find optimal ROIs. 
∆ݒ݌ோைூ ൌ ∑ ܨ௩ ቀ ௥௔௜௡ଵ݌ሺ௧,௟ሻ௣௥೔ , ௥௔௜௡ଵା௜݌ሺ௧,௟ሻ௣௥೔ ቁ௡௜ୀଵ                                     (2), 
where n is the number of elements in the ܴܱܫ . 
 
 
Figure 6. An example of ࢘࢕࢏࢔ by interval and size 
 
Problem of generating numerical road weather information. Given a time ݐ  and a 
specific link ݈ , weather information WIሺ݈ , tሻ is generated if any t, l exist where ܵܨ௖ሺ݀݌ሺ௧,௟ሻሻ 
>= 1 and ݎݓ݅ሺ௧,௟ሻ ⊂ HRWI. The ܵܨ௖ሺ݀݌ሺ௧,௟ሻሻ function is calculated by comparing the cluster 
result of the clustering learning model with ݀݌ሺ௧,௟ሻ. In this paper, we develop an weather 
estimation algorithm based on clustering learning model. 
 
This paper proposes an algorithm to generate road weather information by clustering 
learning model of big data of existing CCTV images after generating a data pattern graph 
for CCTV images at the place where rainfall occurred. The following Sections 3 and 4 
describe our proposed solution when addressing these problems. 
 
  
3. Multiple ROI selection to best detect weather changes 
In this section, we propose a method for selecting multiple ROIs which are suitable for 
detecting weather changes. The method is comprised of two steps; First, a background area 
that can best express weather change is selected by image segmentation [15, 16] in the 
first step. Then, multiple ROIs by distance are automatically selected within the target area 
in the second step. 
 
3.1 Selection of Analysis Target Area 
In this section, we explain a method for selecting the best background area in CCTV 
images, which has distinct feature changes by fine weather changes. As shown in Fig. 7-
(a), most of images ܫ from CCTV for road management can be divided largely into two 
regions: road ܫ௥ and surroundings ܫ௦. ܫ, ܫ௥ , and ܫ௦ have conditions as Equation (3). 
 
ܫ ൌ ܫ௥ ∪ ܫ௦, ܫ௥ ∩ ܫ௦ ൌ ∅               (3) 
 
We apply Watershed[16], one of the image segmentation methods, to segment image 
regions. Generally ܫ௦ can be divided into several regions such as forests and sky. 
According to the number of markers which are manually assigned for Watershed, the 
number of regions dividing ܫ௦ is determined. When we assign n markers for 
segmentation, one for road and the others for surroundings, ܫ௦ is consist of n-1 regions 
as Equation (4). 
 
ܫ௦ ൌራ ܫ௦೔
௡ିଶ
௜ୀ଴
	
∀௜,௝ܫ௦೔ ∩ ܫ௦ೕ ൌ ∅, 0 ൑ ݅, ݆ ൏ ݊ െ 1, ݅ ് ݆          (4) 
 
Fig. 7-(b) shows an example of segmented ܫ௥ and ܫ௦ by superimposing different colors.  
 
 
Figure 7 Example of division of possible background area by using images segmentation 
Assume that left forest region ܫ௦ೖ in Fig. 7-(b) is selected as a target background ܫ௧. As 
shown in the Fig. 7-(b), ܫ௧ can include not only forest region ܫ௙ but also non-forest 
regions ܫ௡௙, such as traffic signs or street lamps, which are out of our interest. To extract 
ܫ௙ from ܫ௧, we fit the pixels in ܫ௧ to Gaussian mixture model by using expectation 
maximization. For each pixel in ܫ௧, the pixel is classified as non-forest when the Gaussian 
distribution it falls has weight below a threshold or the probability in the Gaussian 
distribution it falls is below a threshold. 
 
3.2 Selection of Multiple ROI 
Applying multiple ROIs by distance is more effective than using a single ROI for detecting 
a pattern of fine weather changes such as rainfall. Thus we devise how to determine best 
location of ROIs. 
 
Figure 8 An approach for selecting multiple ROIs 
We can consider some ways, such as horizontal, vertical and roadside, to align multiple 
ROIs on the forest region segmented through Section 3.1. In horizontal case, there is no 
difference in the distance between ROIs, which is inconsistent with the purpose to select 
multiple ROIs. As shown in Fig. 8, in vertical case, the higher ROI located in the CCTV image 
the farther region data may be acquired. It may not be possible, however, depending on 
the appearance of the forest. In the worst case, regions with the same distance but different 
height can be selected. In roadside case, it is usually possible to select multiple ROIs by 
distance from CCTV. 
To select multiple ROIs in the target area along the roadside, we determine a guide line 
۵ۺ which passes the vanishing point of the lines extracted from the road in the CCTV 
image[16, 17, 18, 19]. In real world, lines on the road, such as lanes or median strip, are 
actually all parallel. When these lines are projected on the image, each line, denoted by 
ܔ௜ ൌ ሾܽ௜ ܾ௜ ܿ௜ሿ், intersects at a point called vanishing point due to projective transform. 
In real case, however, the cross points of each line pair are not identical due to some errors. 
Thus we calculate the vanishing point ܞܘ by averaging the cross points as Equation (5). 
 
۾ ൌ ൛ܘ|∀௜,௝݅݊ݐ݁ݎݏ݁ܿݐ൫ܔ௜, ܔ௝൯, ݅ ് ݆ൟ	
ܞܘ ൌ ∑ ܘ೔೙షభ೔సబ௡ , where	 ݊ ൌ |۾|                              (5) 
 
The guide line ۵ۺ is determined by following three conditions: 1) passing by the calculated 
vanishing point, 2) the slope between 0 and outermost ܔ௢௨௧, 3) maximal overlap with the 
target region[20]. The candidate line set ܥܮ satisfying condition 1) and 2) is defined as Eq. 
(6). 
 
ܥܮ ൌ ቊቈ
ܽ
ܾ
ܿ
቉ | ቈ
ܽ
ܾ
ܿ
቉ ∙ ቂܞܘ1 ቃ ൌ 0,min ቀ0,െ
௔೚ೠ೟
௕೚ೠ೟ቁ ൑ െ
௔
௕ ൑ max ቀ0,െ
௔೚ೠ೟
௕೚ೠ೟ቁቋ         (6) 
 
Finally, ۵ۺ satisfying condition 3) among ܥܮ is determined as Eq. (7). 
 
∀௜۱ۺ௜ ∈ ܥܮ, ௜ܱ ൌ ቚቄܘ௙|۱ۺ௜ ∙ ቂܘ௙1 ቃ ൌ 0, ܘ௙ ∈ ܫ௙ቅቚ	
۵ۺ ൌ ࡯ࡸ௜, where ݅ ൌ arg௜max ௜ܱ                             (7) 
 
Multiple ROIs are selected by moving from near to far along the determined GL. If non-
forest area within the ROI is above a certain ratio in the process, it is excluded from ROI 
selection. In Fig. 9, blue line represents the guide line and blue rectangles represent 
selected multiple ROIs.  
 
 
Figure 9 example of multiple ROI 
  
4. Learning Model for Clustering Climate Change Patterns  
Section 4 presents a learning model for clustering climate change patterns using multiple 
ROIs of CCTV images. First, we define the difference of image conversion values between 
multiple ROIs as a pattern. Clustering groups are created hierarchically using the similarity 
function of data patterns. For sub-clusters of hierarchical clustering, rainfall values are 
assigned as label values. The similarity function is used to find the closest sub-cluster to 
the generated data pattern from a current CCTV image. 
 
4.1 Generation of Pattern Data 
In this section, we describe an algorithm that generates a ROI data pattern that can detect 
weather changes well using multiple ROIs defined by Section 3. The set of multiple region 
of interest is ሼݎ݋݅ଵ, ݎ݋݅ଶ, ݎ݋݅ଷ, … , ݎ݋݅௡ሽ, where n is the total number of element of the ROI. 
The ROI data pattern is defined as a set of difference value between ݎ݋݅௜ and ݎ݋ ௝݅ because 
the difference value between ROIs is well representative of weather change, and the ݌ݐ݀௞ 
is an element of the ROI data pattern. The ݌ݐ݀௞ is calculated by Equation (8). 
݌ݐ݀௞ ൌ ܨௗ௜௙௙൫݌ݐ݀௥௢௜೔, ݌ݐ݀௥௢௜ೕ൯ ൌ ܨ௔௩௥ሺ݌ݐ݀௥௢௜೔ሻ െ ܨ௔௩௥ሺ݌ݐ݀௥௢௜೔ሻ	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 ሺ8ሻ, where 
i and j are a specific roi, k is a specific ROI data pattern, and ܨ௔௩௥ሺ݌ݐ݀௥௢௜೔ሻ is the average 
value of the pixels in the region of	 ݎ݋݅௜. 
 
Figure 10 An example of a ROI data pattern 
 
The number of elements in the ROI data pattern is the number of subsets having two 
elements for n ROIs. As shown in Fig. 10, if there are a set ROI with 4 elements, the number 
of subsets with two elements is 6 according to Eq. (9) such as {ݎ݅݋ଵ ,ݎ݋݅ଶ}, {ݎ݅݋ଵ ,ݎ݋݅ଷ}, 
{ݎ݅݋ଵ,ݎ݋݅ସ}, {ݎ݅݋ଶ,ݎ݋݅ଷ}, {ݎ݅݋ଶ,ݎ݋݅ସ}, {ݎ݅݋ଷ,ݎ݋݅ସ}.  
 
Cሺn, rሻ ൌ ݊!ݎ! ሺ݊ െ ݎሻ!	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 ሺ9ሻ	
, where n is the number of elements in the set ROI, and r is the number of elements 
constituting one pair, in this case 2. 
4.2 Clustering of ROI Data Pattern 
The clustering of the ROI data pattern is to transform the past CCTV video data into a 
learning model of past rainfall changes. In this paper, we use hierarchical clustering 
algorithm to cluster pattern data. The hierarchical clustering algorithms is a "bottom up" 
approach: each observation starts in its own cluster, and pairs of clusters are merged as 
one moves up the hierarchy. The similarity function used in the hierarchical clustering 
algorithm is represented by the Euclidean distance formula, as shown in Equation (10). 
 
ܧݑ݈ܿ݅݀݁ܽ݊	ܦ݅ݏݐܽ݊ܿ݁ሺݍ, 		݌ሻ ൌ ඥ∑ ሺݍ௜ െ ݌௜ሻଶ௡௜ୀ଴ 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 ሺ10ሻ,
where n is the number of pattern attributes  
 
Definition (Hierarchical Cluster) Hierarchical cluster (HCR) consists of multiple sub-cluster 
ݏܿ௜, each sub-cluster ݏܿ௜ is a set of historical ROI data pattern. It is expressed as ܪܥܴ ൌ
ሼݏܿ௫|, ݔ	 ݅ݏ	 ݂ݎ݋݉	 1	 ݐ݋	 ݐ݄݁	 ݊ݑܾ݉݁ݎ	 ݋݂	 ݃ݎ݋ݑ݌ݏ	 ሽ . Let ܨ௦ሺ݌ݐ݀௞, ݌ݐ݀௟ሻ  be the similarity 
between any ݌ݐ݀௞ ROI data pattern of any sub-cluster ݏܿ௜ and any ݌ݐ݀௟ ROI data pattern 
of any sub-cluster ݏܿ௜. At this time, all data pattern of sub-cluster ݏܿ௜ satisfies the condition 
of always having higher degree of similarity than ܨ௦ሺ݌ݐ݀௞, ݌ݐ݀௟ሻ. 
 
  In Fig. 11, after converting the historical CCTV image into the ROI data pattern defined 
in 4.1, we constructed the hierarchical cluster using the ROI data pattern. The distance 
matrix (DM) computing all the ROI data patterns is calculated by equation (10). We defined 
the distance measurements between the clusters as "average connections" and performed 
hierarchical clustering with the DM as input. Fig. 11 shows an example of a hierarchical 
cluster composed of six sub-clusters, and is represented by a dendrogram for easy visual 
identification. As a result of the hierarchical clustering, each sub-cluster ݏܿ௜ can be classified 
into a set of finite pattern data having similar values. 
 
 
Figure 11 An example of clustering of ROI data pattern based on hierarchical clustering 
method 
 
4.3 Defining Weather information of Sub-Clusters 
This section describes how to assign representative ROI data patterns and weather 
information attributes to sub-clusters ݏܿ௜. The ݏܿ௜ has representative value as expressed in 
<RPTD,WI>. The RPTD is {ݎ݀ଵ, ݎ݀ଶ, ݎ݀ଷ, … , ݎ݀௡ }, and n is the number of pattern data 
determined by equation (9). Equation (11) is a formula for calculating the element ݀௜௡ of 
the set ݌ݐ݀௞. 
ݎ݀௞ ൌ෍݀௜௞݈
௟
௜ୀଵ
	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 	 ሺ11ሻ,	 	 	 	 where	 ݀௜௞	 ݅ݏ	 ݇௧௛	 ݅ݐ݁݉	 ݋݂	 ݌ݐ݀௜	
 
The representative precipitation of sub-cluster ݏܿ௜ is determined based on the frequency 
function. To prepare the data, we extract the weather data of the sub-cluster ݏܿ௜ and 
calculate the frequency of precipitation for the sub-cluster using the word counter 
algorithm. And then, the top two precipitation amounts with the highest frequency are 
then selected by outlier removal. The selected precipitation should be assigned a range of 
precipitation with start and end. Fig. 12 shows the order of assigning representative pattern 
and precipitation information to sub-cluster. 
 
 
Figure 12 Example of assigning representative pattern and precipitation information to sub-
cluster 
4.4 Clustering Model based Weather Information Production 
As described in table 2. Clustering model based weather information production algorithm 
consists of four steps: 
Step 1 generates ROI data patterns from the big data of CCTV video and corresponds to 
lines 3 to 8. Line 5 calculates the difference between the ROIs. 
Step 2 is a logic for creating hierarchical clusters, from lines 9 to 15. On lines 11 and 12, 
the distance matrix is generated by measuring the similarity for all the ROI data patterns 
created in Step 1. Then, on line 15, the DM is input and a hierarchical cluster is created. 
Step 3 assigns representative ROI data patterns and precipitation to sub-clusters of 
hierarchical clusters. On the line 18, ROI data patterns corresponding to a specific sub-
cluster are extracted, and on the lines 19 and 20, an average value of the ROI data patterns 
is calculated to generate a representative pattern value. Line 21 uses the frequency function 
to return the rainfall of the two highest frequencies. The sub-cluster has a representative 
value of these two pieces of information. 
Step 4 is from line 24 to 28, and returns the road weather information by finding the sub-
cluster that is most similar to the ROI data pattern data of a given image. In the case of 
25 line, the sub-clusters with the highest similarity are extracted in comparison with all the 
sub-clusters. In line 27, the precipitation of the sub-clusters is assigned. Finally, the 
optimally approximated weather value found on line 28 is returned.  
Table 2. Clustering learning model based weather information production 
Input: Historical Difference Graph HDG, Current CCTV video CV, multiple ROI ROI 
Output: Weather Condition WC 
1 Begin 
2 PD is a set of ROI data pattern, DM is a set of similarity between pattern 
3 Foreach ࢘࢕࢏࢏ ∈ ROI DO  // Step1. Extract pattern data from multiple ROIs 
4 Foreach ࢘࢕࢏࢐ ∈ ROI DO 
5         ࢖࢚ࢊ࢑ 	 ← ࡲࢊ࢏ࢌࢌ൫࢘࢕࢏࢏, ࢘࢕࢏࢐൯, ࢏ ് ࢐ ࢇ࢔ࢊ ࢏ ൐ ࢐ 
6         Adding ࢖࢚ࢊ࢑ to PD 
7     End for 
8 End for 
9 Foreach ࢖࢚ࢊ࢏ ∈ PD DO  // Step2. Construct hierarchical cluster 
10 Foreach ࢖࢚ࢊ࢐ ∈ PD DO 
11         ࢊ࢓࢑ ൌ ࡲ࢙࢏࢓࢏࢒ࢇ࢘൫࢖࢚ࢊ࢏, ࢖࢚ࢊ࢐൯ 
12 Adding ࢊ࢓࢑ to DM 
13     End for 
14 End for 
15 Clusters HCR ← hierarchical clustering(DM) 
16 // Step.3 Assign representative pattern and precipitation information to sub-cluster 
17 Foreach ࢙ࢉ࢏ ∈ HCR DO 
18 ۯ܌܌ܑܖ܏	 ࢖࢚ࢊ࢑ ܜܗ	 ۾܂۲, ࢖࢚ࢊ࢑ ∈ PD, ࢖࢚ࢊ ࢏࢙ ࢒࢕ࢉࢇ࢚ࢋࢊ ࢏࢔ ࢙ࢉ࢏ 
19     ࢘ࢊ࢐ ← ࡲ࢓ࢋࢇ࢔ሺ࢖࢚ࢊ ሻ, ࢖࢚ࢊ ∈ ۾۲, ࢖࢚ࢊ ࢏࢙ ࢒࢕ࢉࢇ࢚ࢋࢊ ࢏࢔ ࢙ࢉ࢏ 
20     ࡾࡼࡰࢀ ← ࢘ࢊ࢐, j is from 1 to the number of pattern data 
21     ܅۷ ← ࡲࢌ࢘ࢋࢗሺ࢖࢚ࢊ࢑ሻ 
22 End for 
23 //Step. 4 Estimating weather for a given ࢖࢚ࢊ࢑ 
24 Foreach ࢙ࢉ࢏ ∈ HCR DO 
25     ܌࢐ ← ࡲ࢙࢏࢓࢏࢒ࢇ࢘ሺ࢖࢚ࢊ࢑, ࢙ࢉ࢏ሻ 
26 End for 
27 	 	 	 	 ܅۷ ← ࢙ࢉ࢏	 ܐ܉ܞܑܖ܏	 ۻ܉ܠ൫ࢊ࢐൯ 
28 Return WI 
 
 
5. Evaluation 
In this section, we evaluate the effectiveness of the selection of background area in CCTV 
video and the optimal set of multiple ROIs that can best represent distinctive data pattern  
for different CCTV images presented in Section 3. We evaluate the accuracy of weather 
estimation model based weather information production algorithm proposed in Section 4. 
5.1 Experiment Environment  
Two CCTVs, one fixed weather observation equipment, and one mobile weather observation 
equipment were used to verify the accuracy of producing weather information of the road 
section by analyzing big data of CCTV video. Actual CCTV images from road management 
companies are 200,000 still images at different times. The actual CCTV images would be 
collected from October 2016 to April 2017, near the Pyeongchang Olympic site in 
Yeongdong Expressway in Korea. 
  Stationary Weather Observation Equipment RWIS is usually installed at a fixed pole and 
has a high accuracy of meteorological observations because it uses a high precision sensor 
to measure rainfall. The weather observation equipment attached to the moving vehicle 
was used to collect an approximated rainfall measurement for the road section where no 
RWIS is installed. The amount of rainfall collected as meteorological observations was 
observed in from October 2017 to April 2017 as actual data. 
5.2 Scenarios 
In this experiment, we conducted two categories of experiments to verify the proposed 
clustering learning based weather estimation model. The first is an experiment on the 
background area of CCTV video and the selection of multiple regions of interest. The 
second is a verification experiment on the accuracy of meteorological information 
production based on clustering learning model. In order to carry out this experiment, the 
experiment was conducted by dividing the case where the stationary RWIS exists on the 
designated road section and the case where there is no stationary RWIS on the road section. 
This is because a clustering learning model for a road section without a fixed RWIS is 
required to apply the proposed algorithm to a real environment. If there is no stationary 
RWIS in the road section where the CCTV is installed, the stationary RWIS data of the 
nearest road section and the movable RWIS data are used as the rainfall estimation value 
of the corresponding road section. In Figure 13, zone A is the case with stationary RWIS 
and Zone B is without RWIS. 
  
Figure 13 Experiment with stationary RWIS and mobile RWIS 
5.3 Finding Optimal ROI  
In this section, we show the results of experiments on the selection of the background area 
of CCTV video and the optimal selection of multiple ROIs 
5.3.1 Experiment on the selection of the background area of CCTV video 
In this experiment, CCTV images were transformed into HSV color spaces to extract 
useful features that appear according to weather changes and detected changes in 
brightness (Value) values in forests and roads. We analyzed the pattern conversion of 
the image conversion values in the roads and forest areas according to the weather, 
sunny, cloudy, 10 mm, and 20 mm. The analysis of the change in the HSV color space 
for the CCTV images revealed that the pattern based on the brightness value can best 
represent fine weather changes. 
 
Figure 14 Comparison of brightness values for forest and road areas. HSV: hue–saturation–
brightness 
  Fig. 14 shows that the pattern changes in the brightness value according to the 
weather changes in road and forest. It shows how it differs from area to area. Fig. 14, 
the brightness value is generally lower in the forest area than in the road area. The 
road area shows a gradual change of brightness value between sunny, cloudy, and 
rainfall. On the other hand, the forest area has a large variation of brightness value in 
rainfall compared to sunny. In addition, the road area does not show a change in 
brightness value when the rainfall changes from 10 mm to 20 mm. However, the forest 
area shows a clear difference in the brightness value even when such rainfall changes. 
 
5.3.2 Experiment on size and spacing of ROI 
In this experiment, a comparison experiment was carried out by constructing various 
sizes and intervals of ROI in CCTV images. Experiments to find the optimal ROI size in 
CCTV video have been performed with fixed spacing and number of ROIs between 
ROIs. The experiment in Fig. 15 shows that the interval between ROIs is 150 pixels and 
the number of ROIs is fixed to 4. The ݀݅  in the x-axis of Figure 15 represents the 
difference in brightness value between ROIs. For example, D1 represents the difference 
between the closest ROIs. Fig. 15 shows that the change of brightness value is greatest 
when the ROI size is 25x25. These experiments were also applied for different ROI 
intervals of 120, 150, and 180 pixels. 
 
Figure 15 Experiment of change of brightness value for difference ROI size 
  The graph shown in Fig. 15 shows the distance between two ROIs on the x-axis. The 
larger the number of n, the farther the distance between ROIs is, as shown in Fig. 10. 
The function to calculate the Y value corresponding to ݀݊  is as follows. fሺ݊ሻ ൌ
|ܤܶ	 ݋݂	 ݎ݋݅௡ିଵ െ ܤܶ	 ݋݂	 ݎ݋݅௡|, where BT is brightness. This function is to obtain the 
brightness difference value between two ROIs. The large difference in brightness means 
that the characteristics of the weather are well represented by the ROI distance. Fig. 15 
shows the results of experiments on ݀1 , ݀2 , ݀3 , and ݀4  with ROIs of 20x20, 
25x25, and 30x30. As a result of the experiment, the best value of the brightness 
difference is 25x25. It is appropriate to determine the size of the ROI area of 25x25 in 
order to find the characteristics of the image according to the short distance / long 
distance ROI according to the weather condition.. 
  Experiments were performed to compare the brightness patterns of the different 
weather conditions according to ROI distance intervals in order to select the optimum 
interval between multiple ROIs in CCTV images. Taking into account the size of the 
forest area, the pixels were fixed at 120, 150, and 180 on the target image data for the 
experiment. Table 3 shows the brightness value results when the ROI distance interval 
was varied for each weather condition. The first row of Table 3 shows the brightness 
values of the four ROIs R1, R2, R3, and R4 in the sunny condition with a 120-pixel 
interval, which are 92.38, 89.46, 94.33, and 103.24, respectively. To summarize the 
contents of the table: in sunny weather, the difference was greater when the ROI interval 
was 180 pixels. In the case of cloudy and rainy days, however, the difference in the 
values was not significant as the interval increased to 150 pixels or more. From the 
experiment results in Table 3, it was concluded that the ROI interval should not exceed 
a maximum of 150 pixels when precipitation is determined. 
Table 3 Brightness values according to ROI interval for each weather condition  
 
 5.4 Accuracy of the Clustering Learning Model  
Experiment1 (Zone A) From April 17th to 19th, 2017, we performed an experiment to 
compare the rainfall calculated by the clustering learning model with the stationary RWIS 
meteorological observations using the CCTV video data of the rainy highway. The location 
of the CCTV used in the experiment was selected very close to stationary RWIS. The rainfall 
images used for clustering were 100,000 images for 0.5mm, 1.0mm, 1.5mm, and 2.0mm. 
To avoid overfitting of clustering learning, 80 samples were randomly sampled for 100,000 
images. The data used for the estimation of the rainfall amount for a given CCTV image 
was selected randomly from 40 images. The rows in Fig. 16 show that there are four image 
types used in the experiment verification and the results are in the number of images in 
the columns. As a result of Fig. 16, the proposed clustering learning model has an accuracy 
of about 87.5%. 
 
Figure 16 Experimental results of weather estimation in difference region 
Experiment2 (Zone A) The second experiment is the same as the first experiment, except 
that the target location is different. We used the mobile RWIS meteorological data to verify 
the meteorological data of the second experiment. Clustering learning was performed on 
the spot where rainfall occurred from October 14 to 16, 2016, and CCTV images of the 
same time zone were verified. Fig. 17 (a) shows that the accuracy is very high at 97.5%. 
This is because the variability of the image data used for learning and verification is poor.  
 
Experiment3 (Zone B) In the third experiment, the learning was performed in the same 
place, and then the verification experiment was performed for different time zones in the 
same place. After learning from the data collected between October 14 and 16, 2016 for 
the same place used for the second experiment, a verification experiment was conducted 
on April 17, 2017. The experimental results show that the accuracy drops to 80.0% as shown 
in Fig. 17 (b). This is because the degree of variability of the data used in clustering learning 
affects accuracy. Finally, in order to increase the accuracy by clustering learning, it is 
necessary to accumulate learning using various kinds of CCTV videos for various weather 
changes.  
 
 
   (a)The result of experiment 2             (b) The result of experiment 3 
Figure 17 Experiment with CCTV images in same places and other time zone 
Experimental Summary In order to evaluate clustering learning model for estimating road 
weather information from CCTV video big data, we performed accuracy test of the method 
of generating weather information based on the clustered learning proposed in this paper. 
Experiment 1 and Experiment 2 are the results of testing the accuracy of different points. 
Experiment 3 is the result of experiment on CCTV images at different time for the same 
point. Experiment 3 was a test for only two cases of 0.5 mm and 1.0 mm precipitation. As 
shown in Fig. 18, for all 5 mm precipitation, all three experiments show 100% accuracy. For 
1.0 mm precipitation, Experiment 1 and Experiment 2 had 100% accuracy, whereas 
Experiment 3 had about 60% accuracy. In Experiment 3, although the same place as 
Experiment 2 was tested, the reason for the low accuracy was that the time gap between 
the training data and the test data was about 7 months. Although the images obtained 
from CCTV are similar rainfall, it can be seen that they may appear differently at different 
times. For the 1.5 mm precipitation, both Experiment 1 and Experiment 2 showed an 
accuracy of 95% or more. For the 2.0 mm precipitation, the accuracy was significantly 
reduced to 50% of Experiment 1. In Experiment 1, the accuracy was reduced by about 50% 
because the 2.0 mm precipitation was classified as 1.5 mm precipitation. Although we may 
have doubts about the effectiveness of 50% accuracy, it is considered to be of sufficient 
value as road hazard weather information for road drivers because of slight change of 0.5 
mm rainfall.  
 
Figure 18 Analyzing the accuracy of different rainfall, different time zones 
 
6. Related Work 
Due to frequent extreme weather event, meteorological information is a field of common 
interest worldwide. Visualization and forecasting analysis of weather information [21] is 
being studied by using the latest technologies [9, 10, 11, 12, 22] based on IoT, Big data 
analytics, and cloud computing. Recently, road hazard weather information, which is a 
combination of road and weather information, is an issue. The reason is that road hazard 
weather information is very important information that directly affects traffic accidents. 
  Previous research on road hazard weather information has emphasized the importance 
of identifying and providing dangerous roads to vehicle drivers in advance to prevent traffic 
accidents [23, 24, 25]. In order to collect road weather information, there have been 
previous studies [26, 27, 28, 29] that produce road weather information using roadside 
CCTV images instead of costly fixed RWIS. However, previous studies have focused only 
on state information of road weather such as snow, fog, and rain on the road. No learning 
model has been attempted to estimate the amount of rainfall to be addressed in this paper. 
  The study of extracting road weather information from CCTV images can be tried to use 
whole image or specific region of image according to ROI selection method. When the 
entire image is selected as the ROI, there is a problem that the accuracy varies depending 
on the components of the image such as roads, forests, sky [4]. The existing research 
method did not distinguish whether the specific area which shows the change of weather 
information in CCTV images depends on the forest area or roads area. 
  In order to extract the road weather information from CCTV images, the conversion 
values such as RGB average value, temperature and humidity information, HSV value and 
edge pixel amount [30, 31, 32] have been used in the previous studies to extract the CCTV 
image from the CCTV video. However, these models have the disadvantage that they are 
not applicable to real environments with threshold based methods. In addition, since the 
existing methods are the analysis using an image characteristic value of a corresponding 
region by simply selecting an ROI, it is difficult to find the weather change in CCTV images. 
  In this paper, we propose a method to define the difference patterns between the 
multiple ROIs as a ROI data pattern for the corresponding image. In this paper, we propose 
a non-deterministic clustering learning model that can classify ROI data patterns according 
to rainfall variation into clusters. The non-deterministic clustering learning model proposed 
in this paper has the advantage of providing a robust clustering learning model in which 
the amount of data learning determines the accuracy. 
 
7. Conclusion 
It is shown in this paper that it is possible to produce road hazard weather information for 
sustainability of road safety driving and safety management by simply analyzing CCTV 
images of roadside instead of costly RWIS. Experiments have confirmed that existing CCTVs 
on roads can be able to sufficiently and effectively function as IoT devices capable of 
producing road hazard weather information in addition to simple road control. 
  We have proposed a method to select multiple ROIs that best show changes in CCTV 
images caused by weather changes. In order to produce road weather information, the 
difference of image conversion value between multiple ROIs of a specific CCTV image is 
defined as a pattern for the corresponding CCTV image. We have proposed a clustering 
learning model that hierarchically clusters these CCTV image patterns and matches 
precipitation with sub-clusters' labels. 
  We have found that selecting multiple ROIs that can best represent fine weather changes 
is a key success factor in solving the problem of generating road weather information by 
CCTV image data analysis. The automatic selection method of multiple ROI is implemented 
by using the Watershed algorithm to determine the detection target areas such as forest 
and roads through image segmentation. In order to select optimal multiple ROI, 
experiments were performed on real images to best show the image transformation 
patterns of horizontal, vertical and roads of CCTV screen. As a result of the experiment, 
selecting multiple ROIs based on the roads was the most effective. It was verified by 
experiments using real images that the optimal size of the ROI used for multiple ROIs is 
25x25 and that the optimum spacing between the ROIs is over 150 pixels. 
  The most important contribution of this paper is to define the difference of the image 
conversion value between multiple ROIs as a ROI data pattern of the corresponding image, 
and then to make the learning possible by clustering patterns of past CCTV images 
hierarchically. The algorithm to identify the road hazard weather information using the 
generated hierarchical clustering is composed of 4 steps as follows: 1) Generate the 
difference pattern for the image conversion value between the selected multiple ROIs, 2) 
The difference patterns between multiple ROIs generated for past CCTV images are 
clustered hierarchically using the similarity function. 3) For each sub-cluster in the 
hierarchical clustered tree, the meteorological observations are assigned as label values. 4) 
The sub-cluster closest to the change pattern between multiple ROIs for the new CCTV 
image is selected using the similarity function to generate road weather information. As a 
result of the experiment using the real image, it proved that the clustered learning model 
generated in the same region has more than 80% accuracy. As the number of past weather 
observations and CCTV images in the same area increases, the accuracy of the generated 
weather information can be further improved. 
  It is expected to be compared with the experiment using deep learning method for CCTV 
images expressing minute weather changes such as rainfall. In this paper, it is necessary to 
compare the robustness of the clustering learning model of ROI data patterns with deep 
earning. 
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